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Abstract
Nuclear large subunit ribosomal DNA is widely used in fungal phylogenetics and to an increasing extent also amplicon-
based environmental sequencing. The relatively short reads produced by next-generation sequencing, however, makes
primer choice and sequence error important variables for obtaining accurate taxonomic classifications. In this simulation
study we tested the performance of three classification methods: 1) a similarity-based method (BLAST + Metagenomic
Analyzer, MEGAN); 2) a composition-based method (Ribosomal Database Project naı ¨ve Bayesian classifier, NBC); and, 3) a
phylogeny-based method (Statistical Assignment Package, SAP). We also tested the effects of sequence length, primer
choice, and sequence error on classification accuracy and perceived community composition. Using a leave-one-out cross
validation approach, results for classifications to the genus rank were as follows: BLAST + MEGAN had the lowest error rate
and was particularly robust to sequence error; SAP accuracy was highest when long LSU query sequences were classified;
and, NBC runs significantly faster than the other tested methods. All methods performed poorly with the shortest 50–
100 bp sequences. Increasing simulated sequence error reduced classification accuracy. Community shifts were detected
due to sequence error and primer selection even though there was no change in the underlying community composition.
Short read datasets from individual primers, as well as pooled datasets, appear to only approximate the true community
composition. We hope this work informs investigators of some of the factors that affect the quality and interpretation of
their environmental gene surveys.
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Introduction
Nuclear ribosomal DNA (rDNA) markers are widely used in
fungal phylogenetic and systematic studies [1–4]. In most fungi,
rDNA includes the small subunit (SSU, 18S), internal transcribed
spacer (ITS, ITS1+5.8S+ITS2), and large subunit (LSU, 25–28S)
regions. Though ITS has been proposed as the official fungal
‘barcode’, there are some situations where LSU may be specifically
targeted, with or without the adjacent ITS region in amplicon-
based environmental sequencing studies [5–13].
In contrast with ITS, LSU can be aligned across the diverse
range of fungi recovered from environmental samples. The ability
to create inclusive alignments means that communities can be
analyzed in a phylogenetic context. This approach leverages the
observation that closely related taxa often share features such as
trophic status in mushroom-forming fungi [14]. In addition to
binning sequences by similarity into equally-weighted operational
taxonomic units (OTUs), an approach often used with ITS
sequences, globally aligned LSU sequences can also be weighted
by branch length in a phylogeny. Methods such as the P-test or
UniFrac utilize the information content in branch lengths to detect
significant differences between communities and to visualize
community shifts [15–17].
Phylogeny-based community comparison tools can be used with
LSU rDNA because it is a mosaic, comprised of both highly
variable sequence that provides discriminatory power anchored by
highly conserved sequence that can be aligned [18–20]. The LSU
divergent domains (D), or expansion regions, can show great
sequence and length variation among species. An early study
described 12 divergent domains responsible for the size increase in
the LSU ribosomal RNA (rRNA) gene from prokaryotes to
eukaryotes [19]. A more recent study detected 22 variable
domains in the eukaryote LSU rRNA gene [20]. Descriptions of
these variable regions and secondary structures in eukaryotes have
been compared across a range of taxa [19–24]. In fungi, an
assessment of LSU regions suitable for phylogenetic analysis was
conducted, and a suite of primers was developed [18]. Large
collections of LSU reference sequences have since been compiled,
such as for mushroom-forming fungi [14,25]. Historically, the D1/
D2 region has been used, with or without the corresponding ITS
sequence, to identify yeast species [26,27]. Recently, a 1,500 bp
sequence spanning the 39 SSU+ITS+59 LSU has been recom-
mended as the barcoding region for arbuscular mycorrhizal fungi
[28]. In most fungi, 59-LSU rDNA is used for genus or higher level
taxonomic classifications [29]. Many LSU rDNA sequences are
available from GenBank, but additional reference sequences from
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7a broad array of fungi identified by specialists can also be found
from the Assembling the Fungal Tree of Life Project (AFTOL) and
UNITE databases [2,30,31].
This study was prompted by two observations. First, compared
with Sanger sequencing, next-generation sequencing (NGS) results
in large collections of relatively short reads. This makes primer
choice a particularly important variable to target the most
informative regions to classify unknown amplicon sequences from
environmental sequencing studies. It is currently unknown
whether some primer combinations are better than others in
terms of LSU classification accuracy. Second, even without
cloning, sequence error can still be introduced during mixed-
template PCR and NGS [32–34]. The extent that this sequence
error may affect LSU classification accuracy is unknown. To
address these points, we specifically tested the effect of sequence
length, primer choice, and sequence error on classification
accuracy. We also present a comparison of three automated tools
appropriate for use with amplicon-based environmental sequenc-
es. The tools we compared are fundamentally different in that they
use sequence similarity, sequence composition, or phylogeny as a
basis for classification. We hope that this study helps investigators
with their experimental design and choose the methods best suited
for analyzing their environmental LSU rDNA amplicon sequenc-
es.
Methods
Mapping primers and variable regions of LSU rDNA
To show the relationship between primers and the variable
regions of LSU rDNA we created a map based on the RDN25-1
gene from Saccharomcyes cerevisiae GenBank accession
NC_001144:455181-451786. We show the 12 divergent domains
responsible for the size increase in the large subunit rRNA gene
from prokaryotes to eukaryotes [19]. For comparison we also show
the 22 variable regions in the eukaryote large subunit rRNA gene
[20]. We also mapped the location of primers commonly used in
previous environmental sampling studies (Table 1).
Assembling LSU rDNA datasets
We compiled a well-annotated LSU rDNA sequence set for our
simulations using BioPerl (scripts available from T.M. Porter) [35].
We used the following GenBank search terms: Fungi[Organism]
AND (‘‘large ribosomal subunit’’ OR 28S OR 26S OR 25S) NOT
(mitochondrial OR mitochondrion OR ‘‘uncultured’’[TITL] OR
‘‘environmental’’[TITL] OR ‘‘endophyte’’[TITL] OR
‘‘cf.’’[TITL] OR ‘‘sp.’’[TITL] OR ‘‘aff.’’[TITL]) AND ‘‘AF-
TOL’’ [Sept. 21, 2011]. We limited our search to sequences
generated by the Assembling the Fungal Tree of Life project
(AFTOL) because fungal systematists identified these specimens
and classifications represent the current state of taxonomic
knowledge. We initially retrieved 1,201 sequences. Results were
filtered to retain non-redundant sequences identified to the species
level with a minimum sequence length of 100 bp to avoid short
partial sequences. This dataset is referred to as the ‘long’ LSU
rDNA sequence dataset.
To compare the performance of various sub-regions of LSU
rDNA for taxonomic assignment, we subsampled this dataset
according to what would be obtained using primers that have been
previously used in fungal amplicon-based environmental sequenc-
ing and span the 59 LSU rDNA region commonly used in fungal
phylogenetics: LR0R, LR3, LR5, and LR7 (Figure 1; Table 1)
[36,37]. Though this represents only a fraction of the primers
actually used in previous work, the regions targeted by many
primers are similar (Figure 1). We identified the primer binding
regions based on sequence similarity using BioPerl scripts allowing
up to one mismatch with the primer sequence [35]. For each of
these regions, we clipped sequences to various lengths: 50 bp,
100 bp, 200 bp, and 400 bp to simulate the read lengths obtained
from current NGS platforms (Figure 1). These are referred to as
the ‘simulated short read’ datasets. In mixed template PCR, it is
known that primer amplification bias can also have a significant
effect on taxonomic recovery [38]; however, we do not specifically
simulate this here.
Table 1. Nuclear large subunit ribosomal DNA (LSU rDNA) primers.
Primer Sequence (59 to 39)
Coordinates with respect to
Saccharomyces cerevisiae
NC_001144.5: 455181 to
451786 Reference
LR0R ACCCGCTGAACTTAAGC 26–42 Vilgalys lab
1
LR1
2 AGCATATCAATAAGCGGAGGA 40–60 [89]
NL-1 GCATATCAATAAGCGGAGGAAAAG 41–64 [90]
LR3R GTCTTGAAACACGGACC 639–655 Vilgalys lab
1
NL-4 GGTCCGTGTTTCAAGACGG 655–637 [90]
TW13 GGTCCGTGTTTCAAGACG 655–638 [91]
LR3 GGTCCGTGTTTCAAGAC 655–639 [36]
NDL22
3 TGGTCCGTGTTTCAAGACG 656–638 [89]
LR16 TTCCACCCAAACACTCG 691–675 [92]
LR5 ATCCTGAGGGAAACTTC 966–950 [36]
nLSU1221R CTAGATGAACYAACACCTT 1222–1204 [5]
LR7 TACTACCACCAAGATCT 1449–1433 [36]
1Vilgalys mycology lab http://biology.duke.edu/fungi/mycolab/.
2Same as LSU 0061 [93].
3Same as LSU 0599 [93].
doi:10.1371/journal.pone.0035749.t001
LSU rDNA Classification
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To assess the performance of LSU rDNA sequences for fungal
classification we used three methods: 1) BLAST followed by
Metagenomic Analyzer parsing (BLAST + MEGAN) [39–41]; 2)
the Statistical Assignment Package (SAP) [42,43]; and, 3) the
Naive Bayesian Classifier (NBC) available through the Ribosomal
Database Project (RDP) website (http://rdp.cme.msu.edu)
[44,45]. Each method classifies sequences to a variety of
taxonomic ranks using fundamentally different methods such as
local sequence similarity, phylogenetic signal, or sequence
composition, respectively. SAP and NBC also provide a measure
of confidence that can be used to predict correct taxonomic
assignments. The usage details for each method are described
below.
For each simulation, we measured recovery, erroneous recov-
ery, and coverage. Recovery was measured as the proportion of
queries that were correctly classified. Erroneous recovery was
measured as the proportion of queries that were incorrectly
classified. Coverage was measured as the total number of (correctly
or incorrectly) classified sequences. The proportion of queries that
could not be classified is equal to the original number of queries
submitted minus coverage. Coverage reflects the differential ability
to classify reads to different taxonomic ranks because of
incomplete sequence annotations in the GenBank nucleotide
database or NBC fungal training set, because of methodological
differences during classification, or because of the amount of
variation present in the query sequence. We did not account for
synonyms or anamorph-teleomorph names because there is no
automated way to do this. It is possible that this may contribute to
a small number of false negatives during classification.
Search Scenarios
To simulate searching a complete database, the GenBank
accession of the query sequence was left in the database and
permitted to be a valid search result; this is referred to as a
‘complete’ database search. To simulate searching a database that
is potentially incomplete, we repeated the analyses using a cross-
validation (‘leave one out’) search similar to that used by Liu et al.
[46]. In the ‘leave one out’ search scenario we excluded the
GenBank accession of the query from the search results. In this
situation, more than one LSU rDNA sequence per species would
be needed in the nucleotide database for a correct classification to
the species rank; and more than one sequence per genus would be
needed for a correct classification to the genus rank, and so forth.
Incorrect classifications would then be due to a lack of sequence
variation, misidentified database sequences, or insufficient data-
Figure 1. Schematic diagram of large subunit ribosomal DNA (LSU rDNA). In the top frame, the LSU rDNA region for Saccharomyces
cerevisiae (RDN25-1) NC_001144.5: 455181-451786 is shown. In the second frame, variable sequence regions from Schnare et al. [24] (top) and
Hassouna et al. [20] (bottom) have been mapped with respect to the S. cerevisiae sequence. In the third frame, the position of some commonly used
LSU rDNA primers are shown. In the bottom frame, the position and length of fragments simulated for this study are shown.
doi:10.1371/journal.pone.0035749.g001
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can be a significant barrier with using DNA sequences for
taxonomic classification and we wanted to reflect this in our
simulations [47–50]. To facilitate comparisons among all three
methods, we did not enforce any minimum measure of confidence
for assignments. However, to see the effect of enforcing a
minimum measure of confidence, we repeated some analyses
using the default cutoffs recommended by NBC and SAP.
BLAST + MEGAN: Sequence similarity-based classification
MEGAN parses BLAST reports or NBC classifications and
summarizes results at a variety of taxonomic ranks according to
the GenBank taxonomy using a Lowest Common Ancestor (LCA)
algorithm [39–41]. MEGAN has been previously used to classify
LSU rDNA/cDNA amplicon sequences produced by NGS [9,12].
When we use MEGAN to parse BLAST output comprised of local
pairwise alignments, the BLAST + MEGAN method can be
thought of as a sequence similarity-based approach. We used
BLAST 2.2.24+ with the blastn algorithm, default settings, both
with and without the ‘-negative_gilist’ option to search a local
installation of the GenBank nucleotide database for ‘leave one out’
and ‘complete’ searches [October 2011]. The LCA algorithm
assigns taxa to the lowest possible taxonomic rank that presumably
reflects the level of sequence variation present in the query
sequence compared with reference sequences. The LCA settings
we used to parse BLAST reports were minimum support =1,
minimum score =50 (for 50 bp fragments) or 100 (for all other
sequence lengths), top percent =1.0, and winscore =0.0. We
disabled all taxa in the NCBI taxonomy that MEGAN uses except
for Eukaryotes to try to avoid parsing insufficiently identified
sequences from environmental samples. If we were working with
field samples, parsing environmental sequences with MEGAN
may help to classify reads similar to sequences currently only
known from other environmental sequencing studies [49]. We
compared the taxonomic lineage of the original dataset with
MEGAN classifications using the [R] Bioconductor package
‘genomes’ and custom Perl scripts [51].
The RDP naı ¨ve Bayesian classifier: sequence composition-
based taxonomic assignment
NBC uses a naı ¨ve Bayesian approach to classify sequences to a
variety of taxonomic ranks from domain to genus and provides a
confidence estimate for each assignment [44]. Briefly, the bacterial
16S rDNA classifier is a text-based Bayesian classifier that uses a k-
mer based approach. The classifier is ‘trained’ using a database of
well-identified sequences. The classifier uses the 8 bp oligonucle-
otide ‘words’ or 8-mers in a query sequence that match words
contained in taxa that comprise a genus in the training set to
calculate a score. Placement is made to the genus with the highest
score. Confidence is estimated using 100 bootstrap replicates. This
method is a composition-based method because classifications
depend on the k-mer composition of query and reference
sequences. Though this tool has been available for bacterial
classifications for some time, a fungal LSU rDNA classifier has
only recently become available [45]. Their classifier was trained
with a 1,400 bp portion of the 59 end of LSU rDNA from a
database of 8,506 sequences. Here, we used the RDP naı ¨ve
Bayesian rRNA Classifier version 2.2 with fungal LSU training set
1, with and without the recommended confidence thresholds of
50% for sequences less than 250 bp or 80% for longer sequences.
We compared the taxonomic lineage of the original dataset with
NBC classifications using custom Perl scripts.
SAP: Phylogeny-based taxonomic assignment
SAP automates the process of conducting BLAST searches,
homolog compilation, alignment, and phylogenetic analysis
[42,43]. SAP also provides classifications to a variety of taxonomic
ranks providing a statistical measure of confidence for each
assignment. This method is a phylogeny-based tool that uses global
alignments of similar sequences retrieved by BLAST. Though SAP
implements a rigorous Bayesian assignment algorithm, here we
only use the faster neighbor joining algorithm since it has been
previously shown that results from both methods provided similar
classifications with ITS rDNA [52]. We used the ‘NJConstrained’
algorithm with and without the default 95% neighbor joining
bootstrap proportion to filter results considered good taxonomic
assignments. After testing numerous variations of parameters, we
ultimately used the following settings: hits were retained if the local
sequence similarity with the query was at least 90%; homologs
were compiled that represent at least one phylum, two classes,
three orders, five families, ten genera, and one individual per
species if possible. We repeated these analyses both with and
without the ‘–forceexcludegilist’ option for ‘leave one out’ and
‘complete’ database searches. We compared the taxonomic lineage
of the original dataset with SAP classifications using custom Perl
scripts.
Error simulations
There are many points during data generation where sequence
errors may be introduced, such as during mixed-template PCR,
cloning, and sequencing [32–34]. We simulated errors in our data
to test classification robustness. We used our original 200 bp short
datasets, one from each primer (LR0R, LR3, LR5, and LR7) to
represent mock communities. We then created four more mock
communities for each primer with varying levels of per-base error
rates: 0.01%, 0.1%, 1%, and 10% using a custom Perl script.
Classifications were made using BLAST and a ‘leave one out’
approach followed by MEGAN parsing. NBC was used ‘as is’ from
the RDP website with the recommended 50% confidence cutoff
for fragments shorter than 250 bp. Classifications were summa-
rized to the genus rank. We tracked sequences that were correctly
classified with 0% error, and followed their change in recovery as
levels of simulated sequence error were increased to 10%.
Chimeric sequences are another source of error, however, we
did not specifically simulate this. Though not used in this study,
LSU rDNA chimera detection from field samples can be
performed using UCHIME [53].
We also compared taxonomic composition similarity across
mock communities using the comparison tools in MEGAN.
Classifications from BLAST and NBC were imported into
MEGAN and summarized at the order rank. LCA parameters
for processing BLAST reports were as described above. LCA
parameters for processing NBC classifications were minimum
support =1, minimum score =50 (recommended for fragments
,250 bp), and top percent =100. Distance matrices were
generated in MEGAN using two ecological indices. The Bray-
Curtis statistic quantifies dissimilarity among samples in pairwise
comparisons, and has been found to be a robust measure of
ecological distance [54,55]. A phylogeny-based metric, UniFrac,
emphasizes the amount of branch length unique to either of two
datasets compared with the total amount of branch length in a
phylogeny. In environmental sequencing studies, this is interpreted
as representing evolution among lineages unique to a site that may
reflect adaptation to a specific environment [16]. MEGAN
calculates a simplified UniFrac distance based on GenBank
taxonomy. The distance matrices calculated by MEGAN were
visualized using non-metric multidimensional scaling (NMDS) in
LSU rDNA Classification
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10 iterations, maximum stress=1e-12) [56].
To control for variable community sizes, we only analyzed
simulated short read sequences (200 bp) generated from the same
parent sequence where all four primers could be detected [57].
This resulted in four equally sized datasets (33 taxa each). For
comparison, we also analyzed the taxonomic assignments from the
parent sequences (average length 3,098 bp) referred to as the
reference set and this represents the true community composition
(Figure S1). We confirmed that BLAST using a complete database
search followed by MEGAN classifications resulted in no
classification errors in the parent sequences. Finally, we pooled
the simulated short read assignments from four primers to see if
the resulting community composition was similar to the true
community composition.
Results
Taxonomic assignments using ‘long’ LSU rDNA
The taxonomic breakdown and average sequence length of the
‘long’ rDNA dataset is shown in Table 2. The relatively short
average lengths for the Ascomycota and Basidiomycota are
artifacts of database composition. Unfortunately, most of the fully
identified fungal sequences in the GenBank nucleotide database
are partial and only 500–700 bp in length (Figure S2, File S1).
Complete species names and GenBank accession numbers for the
long LSU rDNA dataset are shown in Table S1.
We directly compared five classification methods with the ‘long’
LSU rDNA dataset (Figure 2). Using the ‘complete’ search
scenario recovery was highest using BLAST + MEGAN. Using the
‘leave one out’ search scenario, SAP with no statistical cutoff
performed best for genus and family level assignments, and
BLAST + MEGAN performed best for order level assignments.
Recovery decreases when the recommended minimum measures
of confidence are enforced with NBC and SAP.
Taxonomic assignments using simulated short reads
The taxonomic breakdown for the ‘simulated short read’
datasets is shown in Table S2. The performance of three
classification methods is compared in Figures 3 and 4. Recovery
increases with increasing read length for each method. Bars
indicate standard error of the mean from four different primers. In
Figure 3, BLAST + MEGAN is distinguished by a very low rate of
erroneous recovery compared to other methods. In Figure 4, the
recommended cutoffs for statistical support are enforced with SAP
and NBC. All three measures of SAP performance decrease
substantially, indicating that the default statistical cutoff may be
too stringent for LSU rDNA. When the NBC default cutoffs are
applied, rates of erroneous recovery decrease, especially for the
simulated 50 bp reads. Note that the NBC error rate can be even
further reduced when NBC results are imported into MEGAN
(Figure S3). Corresponding recovery and coverage are only
slightly reduced. Because NBC results imported by MEGAN are
subject to LCA parsing, any differences in the taxonomy used by
GenBank and NBC (family to phylum) result in taxonomic
assignments that are collapsed to more inclusive taxonomic ranks.
Recovery and coverage using four different primers are shown
in Figure 5. Results were averaged across the three methods used
to create Figure 3. We compared 200 bp sequences classified to
the genus rank. Bars indicate standard error of the mean when
three classification methods are used. We suggest that differences
in recovery and coverage may be due to different levels of
sequence variation targeted by the primers. For instance, LR0R
and LR3 target sequence in the long D1 and D2 divergent
domains whereas LR5 and LR7 target relatively more conserved
sequence regions (Figure 1). This is consistent with a previous
study that found relatively high levels of pairwise sequence
divergence in the D1–D3 regions of 59 LSU rDNA [18].
Table 2. Taxonomic and sequence length breakdown for the
‘long’ LSU rDNA data set.
Taxonomic group
Number of
sequences Average length (bp)
Ascomycota 447 1341
Basidiomycota 323 1337
Chytridiomycota 22 3154
Kickxellomycotina 7 3690
Mucoromycotina 7 3188
Glomeromycota 5 3241
Blastocladiomycota 4 3264
Entomophthoromycotina 3 3054
Zoopagomycotina 3 3327
Neocallimastigomycota 1 3273
Olpidiaceae 1 3237
Rozella clade 1 3189
Total 824
doi:10.1371/journal.pone.0035749.t002
Figure 2. Comparison of methods to classify ‘long’ large
subunit ribosomal DNA sequences. Classifications at the genus
(G), family (F), and order (O) ranks are shown on the x-axis. Recovery on
the y-axis refers to the percentage of queries recovered with a correct
classification. Results from BLAST + MEGAN and SAP are directly
compared using a ‘complete’ and ‘leave one out’ search scenario.
Results from SAP with the default 95% neighbor joining bootstrap
cutoff enforced is also shown (SAP NJ 95). Results from NBC run ‘as is’
from the Ribosomal Database Project website are shown separately.
Results from NBC with the recommended 80% confidence cutoff are
also shown (NBC 80).
doi:10.1371/journal.pone.0035749.g002
LSU rDNA Classification
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Recovery at several levels of simulated sequence error is shown
in Figure 6. Recovery decreased starting at about 0.1% to 1%
simulated error using BLAST + MEGAN. Recovery decreased
starting at 0.01% simulated error using NBC. The composition-
based classification method, NBC, appears to be more sensitive to
sequence error compared with the similarity-based method,
BLAST + MEGAN. This may be because in a k-mer based
method, any single error in a sequence is propagated into ‘k’
number of words used for classification.
Effect of primer choice and sequence error on
community comparisons
At the cost of reduced specificity, we chose to summarize
classifications used in Figure 7 at the order rank to minimize the
effect of misidentified or misclassified taxa on taxonomic
community comparisons (Figure S4). As expected, we found that
each primer individually detects most order-level lineages truly
present in the parent community. Even after summarizing
classifications at the order rank, we observed community shifts
caused by the differential detection of lineages by each primer
even though there was no change in the underlying community
composition. For example, an order-level lineage, the Leucospor-
idiales, was detected by the LR7 primer although it was not
present in the original parent community.
When BLAST + MEGAN classification was used, the greatest
observed community shifts were due to primer choice. This is
consistent with the differential recovery we observed among the
tested primers (Figure 5). Observed community shifts due to
primer selection are reduced with NBC + MEGAN classification
where sequence error appears to have a larger effect. This
correlates with NBC’s increased sensitivity to error shown in
Figure 6. Using either classification method, simulated short read
primer datasets only approximate the true taxonomic composition.
When data from multiple primers for the same marker are
available, the question of whether to pool the data becomes
relevant. We observed that the relative configuration of points
Figure 3. Comparison of classification methods using simulated short read sequences. Simulated read length is shown on the x-axis. In
the top row, recovery is shown on the y-axis and refers to the proportion of queries with a correct taxonomic classification. In the middle row,
erroneous recovery is shown on the y-axis and refers to the proportion of queries with an incorrect taxonomic classification. In the bottom row,
coverage is shown on the y-axis and refers to the proportion of queries for which a classification could be made (correct or incorrect). The results for
six taxonomic ranks are shown: kingdom (blue), phylum (red), class (green), order (purple), family (teal), and genus (orange). A ‘leave one out’ search
approach was used with BLAST + MEGAN and SAP. The asterisk indicates that NBC was run ‘as is’ from the Ribosomal Database Project website. Bars
indicate standard error of the mean using four primers. Statistical cutoffs were not enforced with SAP or NBC to facilitate comparisons with BLAST +
MEGAN.
doi:10.1371/journal.pone.0035749.g003
LSU rDNA Classification
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pooled primer dataset. The Bray-Curtis statistic quantifies
dissimilarity among sites regardless of their taxonomic composi-
tion. The resulting pooled dataset point falls nearly midway
between the four contributing primer datasets. The simplified
UniFrac metric implemented in MEGAN, however, measures the
proportion of unique branch lengths among datasets. Compared
with the pooled dataset, each primer differentially detects lineages
represented by varying amounts of branch length (Figure S4). The
result is that the pooled dataset falls outside the cluster formed by
the four contributing primer datasets. Using either ecological
measure, our pooled primer datasets only approximate the true
community composition. We suggest that when working with field
data, identifying community shifts among ecologically distinct sites
may be easier to visualize when data from multiple primers are
pooled into a single point.
Discussion
Trends in species assignment
Species assignment methods fall into several broad categories.
First, similarity-based methods, such as BLAST, are commonly
used for amplicon-based environmental sequence classification. It
Figure 4. Comparison of classification methods using short read sequences while enforcing a statistical cutoff. Simulated read length
is shown on the x-axis. In the top row, recovery is shown on the y-axis and refers to the proportion of queries with a correct taxonomic classification.
In the middle row, erroneous recovery is shown on the y-axis and refers to the proportion of queries with an incorrect taxonomic classification. In the
bottom row, coverage is shown on the y-axis and refers to the proportion of queries for which a classification could be made (correct or incorrect).
The results for six taxonomic ranks are shown: kingdom (blue), phylum (red), class (green), order (purple), family (teal), and genus (orange). A ‘leave
one out’ search approach was used with SAP. The asterisk indicates that NBC was run ‘as is’ from the Ribosomal Database Project website. Bars
indicate standard error of the mean using four primers. The default statistical cutoffs for SAP (95% neighbor joining bootstrap proportion) and NBC
(50% for sequences less than 250 bp, otherwise 80% confidence) are enforced.
doi:10.1371/journal.pone.0035749.g004
Figure 5. Effect of primer choice on recovery and coverage.
Results are shown for 200 bp fragments classified to the genus rank
averaged across three methods. We used a ‘leave one out’ approach
with BLAST + MEGAN and SAP. NBC was run ‘as is’ from the RDP
website. Recovery (blue) and coverage (red) are shown for four primers.
Bars indicate standard error of the mean using three classification
methods.
doi:10.1371/journal.pone.0035749.g005
LSU rDNA Classification
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necessarily be the closest phylogenetic neighbor [58]. Additionally,
BLAST alone does not automatically make classifications to higher
taxonomic ranks where the accuracy for an assignment may be
higher. Neither BLAST nor MEGAN provides any measure of
confidence for a classification. However, it has been previously
shown with ITS rDNA, and in the current study with LSU rDNA,
that MEGAN has lower erroneous recovery rates than BLAST,
SAP, or NBC [52]. There is a new method developed for
classifying pyrosequencing reads using BLAST that does calculate
a corresponding probability that the top hit is correct, and this
measure would add value to classifications based on BLAST [59].
Second, phylogeny-based classification methods are available
such as SAP, pplacer, and the Evolutionary Placement Algorithm
(EPA) [42,43,60,61]. These methods use a variety of phylogenetic
frameworks such as neighbor joining, maximum likelihood, and
Bayesian analysis. Unless SAP can be run in parallel, this method
may be best suited for small datasets, because even with the faster
neighbor joining algorithm, the BLAST searches, homolog
compilation, alignment, and tree-building steps necessary to
classify each individual query can be relatively time consuming.
A previous study showed that SAP recovery with ITS rDNA was
more sensitive to query length than other methods [52]. The
current study with LSU rDNA, however, showed that each of the
tested methods is similarly sensitive to query length. EPA and
pplacer were developed to classify reads from amplicon-based
environmental sequencing. They can implement a variety of
nucleotide substitution models, and are faster because they use a
pre-existing alignment to place unknown sequences onto a
reference tree. These particular methods are perhaps best suited
for bacterial 16S rDNA classifications because extensive align-
ments are already publically available [31,62,63]. The ARB
project provides tools so that new data can be integrated with large
sets of pre-aligned sequences facilitating alignment and phyloge-
netic analyses with a graphical user interphase. The SILVA
database does provide a high quality reference LSU alignment
(n=1278, $1900 bp) that can be downloaded and used with
ARB; however, the hand-curated dataset used to train the RDP
fungal LSU classifier is more extensive (n=8506, 1400 bp)
[31,64]. Though the RDP does support an LSU classifier and a
library comparison tool, LSU alignment downloads are not
currently available.
Third, composition-based methods are available such as naı ¨ve
Bayesian classifiers [44,65]. In this study, we show that the number
of sequences classified per minute with NBC far exceeds that using
MEGAN or SAP (Figure S5). When processing thousands of
OTUs, the difference in run-time can be from hours to days for
BLAST-based methods (such as BLAST + MEGAN and SAP)
compared with minutes for the composition-based NBC. Addi-
tionally, as the reference set of sequences used to train the classifier
increases, so too should the number of accurate of classifications.
For composition-based methods, a ‘detector’ has recently been
developed that improves the performance of a naı ¨ve Bayesian
classifier by flagging query sequences with no match in the
reference set [66]. As shown in this study and elsewhere, the
accuracy of nearly all sequence classification methods depends on
query length. One newly developed method addresses this
problem using a k-mer based approach and mixture modeling to
be sequence length independent [67]. This method is currently
only available for prokaryote classifications.
In this study, we directly compared classification performance
using both complete and incomplete reference databases to
highlight that this can be a major limitation in the taxonomic
assignment process. BLAST + MEGAN recovery was substantially
decreased when working with an incomplete reference database,
and SAP performed best with long LSU rDNA sequences. A
previous study showed dramatic recovery decreases, with BLAST,
BLAST + MEGAN, and SAP when using an incomplete reference
database for ITS rDNA sequence classification [52]. Database
properties that affect classification performance include breadth
and depth of taxonomic representation, classification accuracy of
submitted sequences, as well as underlying sequence quality and
length. Incomplete databases are due to: fungal diversity in
herbaria not represented by sequences in GenBank [47,48];
insufficiently identified environmental sequences representing
newly discovered fungal lineages that are widespread but not
readily cultivable using standard methods [5,49,50,68–73]; within-
individual and within-species rDNA sequence diversity that is not
represented in GenBank [74–76]; the lack of an ‘official’ fungal
barcode [11]; and the sheer diversity of fungal species that need to
be accounted for [77,78]. Even the most advanced taxonomic
assignment method can only be as good as the reference database
upon which classifications rely.
The effect of sequencing error on perceived community
diversity
Sequence error, such as that generated during PCR, cloning, or
sequencing, is a source of noise that can affect the accuracy of
classifications and community comparisons. In amplicon-based
Figure 6. Effect of simulated errors on recovery. Results are
shown for 200 bp fragments classified to the genus rank for four
primers: LROR (blue), LR3 (red), LR5 (green), and LR7 (purple). BLAST +
MEGAN was run with a ‘leave one out’ BLAST search and the asterisk
indicates that NBC was run ‘as is’ from the Ribosomal Database Project
website. Simulated per-base error rates are shown on the x-axis.
Recovery differences compared with correctly classified taxa from the
original 200 bp datasets (0% error) are shown on the y-axis.
doi:10.1371/journal.pone.0035749.g006
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errors can also inflate measurements of alpha diversity such as
richness or estimated richness [34,79]. We show here that error
rates exceeding 0.01–1% can begin to affect the recovery of
correct classifications. Additionally, we show that sequence error
can cause community shifts unrelated to any change in the
underlying simulated community. Since errors may vary according
to PCR conditions and NGS platform, programs that compensate
for this noise need to be used to ensure read quality [80–82].
Additionally, clustering reads by at least 1% sequence similarity
can reveal singleton sequences that tend to contain many sequence
errors [32,34,76,83,84]. In this study we showed that NBC, a k-
mer based taxonomic assignment method, is sensitive to sequence
error making de-noising and/or sequence clustering steps partic-
ularly important when processing field data.
Variable performance of LSU rDNA primers
Though there is a history of using LSU rDNA in fungal
phylogenetic systematics and amplicon-based environmental
sequencing, this is the first simulation study to directly assess the
performance of the LSU rDNA marker (Figure S6, File S1). Based
on our simulations, we found that the LR0R and LR3 primers
targeting the variable D1 and D2 domains yield the highest rate of
correct taxonomic assignments. Despite this, ease of PCR
amplification will likely dictate which primer sets are the most
useful in field studies. Because our study focused on the 59 LSU
rDNA region, our observations do not necessarily reflect the
performance of divergent domains in the 39 LSU rDNA region for
taxonomic assignment. In fact, previous studies have shown that
D2 in the 59 LSU rDNA region and D8 in the 39 LSU rDNA
region show the largest size expansions and most sequence
divergence [18,19]. One potential concern with the LR5 primer is
that it may amplify a group I intron, though in this study we only
detected one taxon with an intron at this position. The presence of
group I introns are known to differ between and within species;
additionally, they may also be acquired by horizontal transfer
[85,86]. As a result, group I introns do not necessarily share the
same evolutionary history as the host genome [87]. Thus care
must be taken when sequencing from the LR5 primer.
Variable performance of classification methods
Compared with the other tested methods, MEGAN produces
the lowest error rates. Error rates from BLAST + MEGAN is
reduced because the LCA algorithm can reconcile taxonomic
Figure 7. Comparison of simulated communities using non-metric multidimensional scaling. The ‘reference set’ (black square) was
comprised of ‘long’ large subunit ribosomal DNA sequences (about 3,000 bp average length) that were classified using MEGAN + BLAST against a
complete database or classifications from NBC run ‘as is’ from the Ribosomal Database Project website and imported into MEGAN (NBC + MEGAN).
Four mock communities comprised of 200 bp sequences were generated from four primers: LR0R (red), LR3 (blue), LR5 (green), and LR7 (orange).
Communities were subjected to per-base error rates of 0% (square), 0.01% (circle), 0.1% (triangle), 1% (+), and 10% (6). Classifications were
summarized at the order rank. Similarity of taxonomic composition was compared using Bray-Curtis dissimilarity and a simplified UniFrac measure in
MEGAN.
doi:10.1371/journal.pone.0035749.g007
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heterogeneous taxonomic lineages. This reduces coverage and
erroneous recovery at more specific ranks and increases the
number of assignments at more inclusive ranks. In some cases, the
LCA algorithm will not make an assignment at all, further
reducing the rate of incorrect assignments. Although confidence
scores produced by SAP and NBC can be used to help predict
correct assignments, their error rates are still higher than MEGAN
with our dataset. With NBC, this can be partially explained by
variations in the taxonomy (family to phylum) used in the fungal
training set compared with GenBank. Nevertheless, genus level
assignments are still directly comparable so we provide an example
illustrating how erroneous assignments may arise. With NBC, so
long as the query sequence contains the minimum number of
required k-mers, an assignment and confidence value will always
be provided. Even if the query genus is not present in the fungal
training set, an assignment is still made to the genus with the
highest rank-order likelihood score. If this genus assignment
happens to be consistent among bootstrap replicates, although it is
erroneous, the confidence score will be high resulting in an
incorrect assignment supported by a high confidence value. NBC
error rates can be reduced by enforcing statistical cutoffs and by
importing NBC results into MEGAN though at the expense of
slightly reducing recovery, coverage, and taxonomic specificity
(Figure S3).
With SAP, enforcing the default statistical cutoff to reduce
error rates also drastically reduces recovery and coverage
compared with not enforcing any cutoff at all (Figure 3, 4).
This reflects the instability of many assignments in bootstrap
replicates where characters are re-sampled with replacement.
With short query sequences (#400 bp) and the default cutoff,
SAP is outperformed by BLAST + MEGAN (lower error rates)
and NBC with the default cutoffs (similar error rates but higher
recovery). SAP performs best with long LSU rDNA sequences
(,3000 bp) and no statistical cutoff enforced for genus and
family rank assignments (Figure 2).
Conclusions
For rapid fungal LSU rDNA taxonomic assessments we
recommend the use of the Ribosomal Database Project naı ¨ve
Bayesian classifier (NBC). However, if the chance of erroneous
assignments needs to be particularly minimized, then we
recommend MEGAN LCA processing of BLAST or NBC results.
When NBC results are imported into MEGAN, sample compar-
isons using multiple methods can be reached very quickly. If the
query sequences are long (.400 bp) and processing time is not a
pressing issue, then SAP without enforcing any statistical cutoff
may be a good alternative. In all cases, summarizing assignments
to broader taxonomic ranks can increase the rate of accurate
assignments and reduce the error rate, though at the expense of
reduced specificity.
Simulation studies can help to evaluate the most appropriate
methods for analyzing amplicon-based environmental sequencing
data [38,57,88]. We presented results from a cross section of
classification methods as well as the impact of read length,
primer selection, and sequence error on classification accuracy
and community composition. We hope this work informs
investigators of some of the factors that affect the quality and
interpretation of their environmental gene surveys.
Supporting Information
Figure S1 Taxonomic composition of the sequences
used for non-metric multidimensional scaling commu-
nity comparisons. Automated classification of ‘long’ large
subunit ribosomal DNA sequences from 33 parent sequences using
BLAST against a complete database and MEGAN parsing is
shown. This dataset is the ‘reference set’ in Figure 7. All
assignments to the species level were verified to be correct. In
two cases, MEGAN assigned sequences to higher taxonomic ranks
so arrows indicate the species name of the parent sequence.
(PDF)
Figure S2 Sequence length frequency distribution of
fungal ribosomal DNA (rDNA) sequences identified to
the species level in GenBank. Length frequencies for large
subunit rDNA (LSU) (black) and the internal transcribed spacer
region (ITS) (white) are shown. The number of sequences (y-axis)
in each 100 bp bin (x-axis) is shown.
(PDF)
Figure S3 Comparison of NBC classifications using
simulated short read sequences. Simulated read length is
shown on the x-axis. In the top row, recovery is shown on the y-
axis and refers to the proportion of queries with a correct
taxonomic classification. In the middle row, erroneous recovery is
shown on the y-axis and refers to the proportion of queries with an
incorrect taxonomic classification. In the bottom row, coverage is
shown on the y-axis and refers to the proportion of queries for
which a classification could be made (correct or incorrect). The
results for six taxonomic ranks are shown: kingdom (blue), phylum
(red), class (green), order (purple), family (teal), and genus (orange).
NBC was run ‘as is’ from the Ribosomal Database Project website.
Bars indicate the standard error of the mean using four primers. In
the first column, no statistical cutoffs were enforced. In the second
column, the default statistical cutoffs for NBC (50% for sequences
less than 250 bp, otherwise 80% confidence) were enforced. In the
third column, NBC results were imported into MEGAN using the
following LCA parameters: minimum support =1, minimum
score =50 (or 80 for sequences longer than 250 bp), and top
percent =100.
(PDF)
Figure S4 Taxonomic breakdown of non-metric multi-
dimensional scaling community comparisons. Dataset
sizes were normalized in MEGAN and taxonomic assignments of
200 bp sequences generated by four primers are compared with
the reference set from Figure S1. In part (a), results are
summarized at the species rank. In part (b), results are summarized
at the order rank. In part (c), results are summarized at the order
rank showing results for each primer and associated branch
lengths using MEGAN. In each figure, boxes represent the relative
number of sequences classified at each node/leaf and colors match
those used in Figure 7 for each dataset (0% error).
(PDF)
Figure S5 Number of classifications per minute. The
average number of classifications per minute is shown for three
methods. Bars indicate standard error of the mean using four
different primers. For NBC, analysis times for all of our datasets
was less than one minute. For BLAST + MEGAN, only the time to
conduct local BLAST searches using a single processor was
calculated, since MEGAN parsing with our data took less than a
minute. With BLAST, the number of classifications per minute
could be improved by using multiple processors for each search.
For SAP, the total analysis time includes BLAST searches,
homolog compilation, alignment, and neighbor joining analyses.
(PDF)
Figure S6 Articles indexed by Web of Knowledge from
1990–2010. Research articles with the topic of ITS (white) or
LSU rDNA Classification
PLoS ONE | www.plosone.org 10 April 2012 | Volume 7 | Issue 4 | e35749LSU (black) phylogenetic systematics and/or barcoding are
shown.
(PDF)
Table S1
(DOC)
Table S2
(DOC)
Author Contributions
Conceived and designed the experiments: TMP GBG. Performed the
experiments: TMP. Analyzed the data: TMP GBG. Contributed reagents/
materials/analysis tools: GBG. Wrote the paper: TMP GBG.
References
1. Lutzoni F, Kauff F, Cox CJ, McLeughlin D, Celio G, et al. (2004) Assembling
the fungal tree of life: progress, classification, and evolution of subcellular traits.
Am J Bot 91: 1446–1480.
2. Spatafora JW (2005) Assembling the fungal tree of life (AFTOL). Mycol Res 109:
755–756.
3. James TY, Kauff F, Schoch CL, Matheny PB, Hofstetter V, et al. (2006)
Reconstructing the early evolution of Fungi using a six-gene phylogeny. Nature
443: 818–822.
4. Hibbett DS, Binder M, Bischoff JF, Blackwell M, Cannon PF, et al. (2007) A
higher-level phylogenetic classificaiton of the Fungi. Mycol Res 111: 507–547.
5. Schadt CW, Martin AP, Lipson DA, Schmidt SK (2003) Seasonal dynamics of
previously unknown fungal lineages in tundra soils. Science 301: 1359–1361.
6. Arnold AE, Henk DA, Eells RL, Lutzoni F, Vilgalys R (2007) Diversity and
phylogenetic affinities of foliar fungal endophytes in loblolly pine inferred by
culturing and environmental PCR. Mycologia 99: 185–206.
7. Taylor DL, Herriott IC, Long J, O’Neill K (2007) TOPO TA is A-OK: a test of
phylogenetic bias in fungal environmental clone library construction. Environ
Microbiol 9: 1329–1334.
8. Porter TM, Skillman JE, Moncalvo J-M (2008) Fruiting body and soil rDNA
sampling detects complementary assemblage of Agaricomycotina (Basidiomy-
cota, Fungi) in a hemlock-dominated forest plot in southern Ontario. Mol Ecol
17: 3037–3050.
9. Urich T, Lanzen A, Qi J, Huson DH, Schleper C, et al. (2008) Simultaneous
assessment of soil microbial community structure and function through analysis
of the metatranscriptome. PLoS One 3: 13.
10. Kru ¨ger M, Stockinger H, Kru ¨ger C, Schu ¨bler A (2009) DNA-based species level
detection of Glomeromycota: one PCR primer set for all arbuscular mycorrhizal
fungi. New Phytol 183: 212–223.
11. Seifert KA (2009) Progress towards DNA barcoding of fungi. Mol Ecol Resour 9
Suppl s1: 83–89.
12. Amend AS, Seifert KA, Samson R, Bruns TD (2010) Indoor fungal composition
is geographically patterned and more diverse in temperate zones than in the
tropics. Proc Natl Acad Sci 107: 13748–13753.
13. Begerow D, Nilsson H, Unterseher M, Maier W (2010) Current state and
perspectives of fungal DNA barcoding and rapid identification procedures. Appl
Microbiol Biotechnol 87: 99–108.
14. Moncalvo J-M, Vilgalys R, Redhead SA, Johnson JE, James TY, et al. (2002)
One hundred and seventeen clades of euagarics. Mol Phylogenet Evol 23:
357–400.
15. Faith DP, Lozupone CA, Nipperess D, Knight R (2009) The cladistic basis for
the phylogenetic diversity (PD) measure links evolutionary features to
environmental gradients and supports broad applications of microbial ecology’s
‘‘pylogenetic beta diversity’’ framework. Int J Mol Sci 10: 4723–4741.
16. Lozupone C, Knight R (2005) UniFrac: a new phylogenetic method for
comparing microbial communities. Appl Environ Microbiol 71: 8228–8235.
17. Lozupone C, Hamady M, Knight R (2006) UniFrac – an online tool for
comparing microbial community diversity in a phylogenetic context. BMC
Bioinformatics 7: 371.
18. John S, Hopple J, Vilgalys R (1999) Phylogenetic relationships in the mushroom
genus Coprinus and dark-spored allies based on sequence data from the nuclear
gene coding for the large ribosomal subunit RNA: divergent domains,
outgroups, and monophyly. Mol Phylogenet Evol 13: 1–19.
19. Hassouna N, Michot B, Bachellerie J-P (1984) The complete nucleotide
sequence of mouse 28S rRNA gene. Implications for the process of size increase
of the large subunit rRNA in higher eukaryotes. Nucleic Acids Res 12:
3563–3583.
20. Schnare MN, Damberger SH, Gray MW, Gutell RR (1996) Comprehensive
comparison of structural characteristics in eukaryotic cytoplasmic large subunit
(23 S-like) ribosomal RNA. J Mol Biol 256: 701–719.
21. Veldman GM, Klootwijk J, de Regt VCHF, Planta RJ, Branlant C, et al. (1981)
The primary and secondary structure of yeast 26S rRNA. Nucleic Acids Res 9:
6935–6952.
22. Michot B, Bachellerie J-P, Raynal F (1982) Sequence and secondary structure of
mouse 28S rRNA 59 terminal domain. Organization of the 5.8S-28S rRNA
complex. Nucleic Acids Res 10: 5273–5283.
23. Michot B, Hassouna N, Bachellerie J-P (1984) Secondary structure of mouse 28S
rRNA and general model for the folding of the large rRNA in eukaryotes.
Nucleic Acids Res 12: 4259–4279.
24. Michot B, Qu L-H, Bachellerie J-P (1990) Evolution of large-subunit rRNA
structure. Eur J Biochem 188: 219–229.
25. Moncalvo J-M, Lutzoni FM, Rehner SA, Johnson J, Vilgalys R (2000)
Phylogenetic relationships of agaric fungi based on nuclear large subunit
ribosomal DNA sequences. Syst Biol 49: 278–305.
26. Kurtzman CP, Robnett CJ (1998) Identification and phylogeny of ascomycetous
yeasts from analysis of nuclear large subunit (26S) ribosomal DNA partial
sequences. Antonie Van Leeuwenhoek 73: 331–371.
27. Fell JW, Boekhout T, Fonseca A, Scorzetti G, Statzell-Tallman A (2000)
Biodiversity and systematics of basidiomycetous yeasts as determined by large-
subunit rDNA D1/D2 domain sequence analysis. Int J Syst Evol Microbiol 50:
1351–1371.
28. Stockinger H, Kru ¨ger M, Schu ¨bler A (2010) DNA barcoding of arbuscular
mycorrhizal fungi. New Phytol 187: 461–474.
29. Bruns TD, White TJ, Taylor JW (1991) Fungal molecular systematics. Annu
Rev Ecol Syst 22: 525–564.
30. Abarenkov K, Nilsson RH, Larsson K-H, Alexander IJ, Eberhardt U, et al.
(2010) The UNITE database for molecular identificaiton of fungi – recent
updates and future perspectives. New Phytol 186: 281–185.
31. Pruesse E, Quast C, Knittel K, Fuchs BM, Ludwig W, et al. (2007) SILVA: a
comprehensive online resource for quality checked and aligned ribosomal RNA
sequence data compatible with ARB. Nucleic Acids Res 35: 7188–7196.
32. Acinas SG, Sarma-Rupavtarm R, Klepac-Ceraj V, Polz MF (2005) PCR-
induced sequence artifacts and bias: insights from comparison of two 16S rRNA
clone libraries constructed from the same sample. Appl Environ Microbiol 71:
8966–8969.
33. Huse SM, Huber JA, Morrison HG, Sogin ML, Welch DM (2007) Accuracy
and quality of massively parallel DNA pyrosequencing. Genome Biol 8: R143.
34. Kunin V, Engelbrektson A, Ochman H, Hugenholtz P (2010) Wrinkles in the
rare biosphere: pyrosequencing errors can lead to artificial inflation of diversity
estimates. Environ Microbiol 12: 118–123.
35. Stajich JE, Block D, Boulez K, Brenner SE, Chervitz SA, et al. (2002) The
BioPerl toolkit: Perl modules for the life sciences. Genome Res 12: 1611–1618.
36. Vilgalys R, Hester M (1990) Rapid genetic identification and mapping of
enzymatically amplified ribosomal DNA from several Cryptococcus species.
J Bacteriol 172: 4238–4246.
37. Rehner SA, Samuels GJ (1994) Taxonomy and phylogeny of Gliocladium
analyzed from nuclear large subunit ribosomal DNA sequences. Mycol Res 98:
625–634.
38. Bellemain E, Carlsen T, Brochmann C, Coissac E, Taberlet P, et al. (2010) ITS
as an environmental DNA barcode for fungi: an in silico approach reveals
potential PCR biases. BMC Microbiol 10: 189.
39. Huson DH, Auch AF, Qi J, Schuster SC (2007) MEGAN analysis of
metagenomic data. Genome Res 17: 377–386.
40. Huson DH, Mitra S, Ruscheweyh HJ, Weber N, Schuster SC (2011) Integrative
analysis of environmental sequences using MEGAN4. Genome Res 21:
1552–1560.
41. Altschul SF, Madden TL, Schaffer AA, Zhang J, Zhang Z, et al. (1997) Gapped
BLAST and PSI-BLAST: a new generation of protein database search
programs. Nucleic Acids Res 25: 3389–3402.
42. Munch K, Boomsma W, Huelsenbeck JP, Willerslev E, Nielsen R (2008)
Statistical assignment of DNA sequences using Bayesian phylogenetics. Syst Biol
57: 750–757.
43. Munch K, Boomsma W, Willerslev E, Nielsen R (2008) Fast phylogenetic DNA
barcoding. Philos Trans R Soc Lond B Biol Sci 363: 3997–4002.
44. Wang Q, Garrity GM, Tiedje JM, Cole JR (2007) Naive Bayesian classifier for
rapid assignment of rRNA sequences into the new bacterial taxonomy. Appl
Environ Microbiol 73: 5261–5267.
45. Liu K-L, Porras-Alfaro A, Kuske CR, Eichorst SA, Xie G () Accurate, rapid
taxonomic classification of fungal large subunit rRNA genes. Appl Environ
Microbiol, (In press)doi:10.1128/AEM.06826-11.
46. Liu Z, DeSantis TZ, Andersen GL, Knight R (2008) Accurate taxonomy
assignments from 16S rRNA sequences produced by highly parallel pyrose-
quencers. Nucleic Acids Res 36: e120.
47. Brock PM, Do ¨ring H, Bidartondo MI (2009) How to know unknown fungi: the
role of a herbarium. New Phytol 181: 719–724.
48. Nagy LG, Petkovits T, Kova ´cs GM, Voigt K, Va ´gvo ¨lgyi C, et al. (2011) Where is
the unseen fungal diversity hidden? A study of Mortierella reveals a large
contribution of reference collections to the identification of fungal environmental
sequences. New Phytol 191: 789–794.
49. Hibbett DS, Ohman A, Glotzer D, Nuhn M, Kirk P, et al. (2011) Progress in
molecular and morphological taxon discovery in Fungi and options for formal
classification of environmental sequences. Fungal Biol Rev 25: 38–47.
LSU rDNA Classification
PLoS ONE | www.plosone.org 11 April 2012 | Volume 7 | Issue 4 | e3574950. Hibbett D, Glotzer D (2011) Where are all the undocumented fungal species? A
study of Mortierella demonstrates the need for sequence-based classification. New
Phytol 191: 592–596.
51. Stubben C (2010) genomes: Genome sequencing project metadata. R package
version 1.4.0.
52. Porter TM, Golding GB (2011) Are similarity- or phylogeny-based methods
more appropriate for classifying internal transcribed spacer (ITS) metagenomic
amplicons? New Phytol 192: 775–782.
53. Edgar RC, Haas BJ, Clemente JC, Quince C, Knight R (2011) UCHIME
improves sensitivity and speed of chimera detection. Bioinformatics 27:
2194–2200.
54. Bray JR, Curtis JT (1957) An ordination of the upland forest communities of
southern Wisconsin. Ecol Monogr 27: 325–349.
55. Faith DP, Minchin PR, Belbin L (1987) Compositional dissimilarity as a robust
measure of ecological distance. Vegetatio 69: 57–68.
56. Goslee SC, Urban DL (2007) The ecodist package for dissimilarity-based
analysis of ecological data. J Stat Softw 22: 1–19.
57. Gihring TM, Green SJ, Schadt CW (2012) Massively parallel rRNA gene
sequencing exacerbates the potential for biased community diversity compar-
isons due to variable library sizes. Environ Microbiol 14: 285–290.
58. Koski LB, Golding GB (2001) The closest BLAST hit is often not the nearest
neighbor. J Mol Evol 52: 540–542.
59. Ovaskainen O, Nokso-Koivisto J, Hottola J, Rajala T, Pennanen T, et al. (2010)
Identifying wood-inhabiting fungi with 454 sequencing – what is the probability
that BLAST gives the correct species? Fungal Ecol 3: 274–283.
60. Matsen FA, Kodner RB, Armbrust EV (2010) pplacer: linear time maximum-
likelihood and Bayesian phylogenetic placement of sequences onto a fixed
reference tree. BMC Bioinformatics 11: 538.
61. Berger SA, Krompass D, Stamatakis A (2011) Performance, accuracy, and web
server for evolutionary placement of short sequence reads under maximum
likelihood. Syst Biol 60: 291–302.
62. Cole JR (2003) The Ribosomal Database Project (RDP-II): previewing a new
autoaligner that allows regular updates and the new prokaryotic taxonomy.
Nucleic Acids Res 31: 442–443.
63. DeSantis TZ, Hugenholtz P, Larsen N, Rojas M, Brodie EL, et al. (2006)
Greengenes, a chimera-checked 16S rRNA gene database and workbench
compatible with ARB. Appl Environ Microbiol 72: 5069–5072.
64. Ludwig W, Strunk O, Westram R, Richter L, Meier H, et al. (2004) ARB: a
software environment for sequence data. Nucleic Acids Res 32: 1363–1371.
65. Rosen GL, Reichenberger ER, Rosenfeld AM (2011) NBC: the Naı ¨ve Bayes
Classification tool webserver for taxonomic classification of metagenomic reads.
Bioinformatics 27: 127–129.
66. Rosen GL, Polikar R, Caseiro DA, Essinger SD, Sokhansanj BA (2011)
Discovering the unknown: improving detection of novel species and genera from
short reads. J Biomed Biotechnol 2011: 11. 11 p.
67. Meinicke P, Abhauer KP, Lingner T (2011) Mixture models for analysis of the
taxonomic composition of metagenomes. Bioinformatics 27: 1618–1624.
68. Lara E, Moreira D, Lo ´pez-Garcı ´a P (2010) The environmental clade LKM11
and Rozella from the deepest branching clade of fungi. Protist 161: 116–121.
69. Lara E, Mitchell EA, Moreira D, Lo ´pez Garcı ´a P (2011) Highly diverse and
seasonally dynamic protist community in a pristine peat bog. Protist 162: 14–32.
70. Nagahama T, Takahashi E, Nagano Y, Abdel-Wahab MA, Miyazaki M (2011)
Molecular evidence that deep-branching fungi are major fungal components in
deep-sea methane cold-seep sediments. Environ Microbiol 13: 2359–2370.
71. Jones MD, Forn I, Gadelha C, Egan MJ, Bass D, et al. (2011) Discovery of novel
intermediate forms redefines the fungal tree of life. Nature 474: 200–203.
72. Porter TM, Schadt CW, Rizvi L, Martin AP, Schmidt SK, et al. (2008)
Widespread occurrence and phylogenetic placement of a soil clone group adds a
prominent new branch to the fungal tree of life. Mol Phylogenet Evol 46:
635–644.
73. Rosling A, Cox F, Cruz-Martinez K, Ihrmark K, Grelet GA, et al. (2011)
Archaeorhizomycetes: unearthing an ancient class of ubiquitous soil fungi.
Science 333: 876–879.
74. Ka ˚re ´n O, Ho ¨gberg N, Dahlberg A, Johnsson L, Nylund J-E (1997) Inter- and
Intraspecific variation in the ITS region of rDNA of ectomycorrhizal fungi in
Fennoscandia as detected by endonuclease analysis. New Phytol 136: 313–325.
75. Smith ME, Douhan GW, Rizzo DM (2007) Intra-specific and intra-sporocarp
ITS variation of ectomycorrhizal fungi as assessed by rDNA sequencing of
sporocarps and pooled ectomycorrhizal roots from a Quercus woodland.
Mycorrhiza 18: 15–22.
76. Lindner DL, Banik MT (2011) Intragenomic variation in the ITS rDNA region
obscures phylogenetic relationships and inflates estimates of operational
taxonomic units in genus Laetiporus. Mycologia 103: 731–740.
77. Hawksworth DL (1991) The fungal dimension of biodiversity: magnitude,
significance, and conservation. Mycological Research 95: 641–655.
78. Hawksworth DL (2001) The magnitude of fungal diversity: the 1.5 million
species estimate revisited. Mycol Res 105: 1422–1432.
79. Reeder J, Knight R (2009) The ‘rare biosphere’: a reality check. Nat Methods 6:
636–637.
80. Quince C, Lanzen A, Curtis TP, Davenport RJ, Hall N, et al. (2009) Accurate
determination of microbial diversity from 454 pyrosequencing data. Nat
Methods 6: 639–641.
81. Reeder J, Knight R (2010) Rapidly denoising pyrosequencing amplicon reads by
exploiting rank-abundance distributions. Nat Methods 7: 668–669.
82. Quince C, Lanzen A, Davenport RJ, Turnbaugh PJ (2011) Removing noise
from pyrosequenced amplicons. BMC Bioinformatics 12: 38.
83. Tedersoo L, Nilsson RH, Abarenkov K, Jairus T, Sadam A, et al. (2010) 454
Pyrosequencing and Sanger sequencing of tropical mycorrhizal fungi provide
similar results but reveal substantial methodological biases. New Phytol 188:
291–301.
84. Huse SM, Welch DM, Morrison HG, Sogin ML (2010) Ironing out the wrinkles
in the rare biosphere through improved OTU clustering. Environ Microbiol 12:
1889–1898.
85. Hibbett DS (1996) Phylogenetic evidence for horizontal transmission of Group I
introns in the nuclear ribosomal DNA of mushroom-forming fungi. Mol Biol
Evol 13: 903–917.
86. Simon DM, Hummel CL, Sheeley SL, Bhattacharya D (2005) Heterogeneity of
intron presence or absence in rDNA genes of the lichen species Physcia aipolia and
P. stellaris. Curr Genet 47: 389–399.
87. Holst-Jensen A, Vaage M, Schumacher T, Johansen S (1999) Structural
characteristics and possible horizontal transfer of Group I introns between
closely related plant pathogenic fungi. Mol Biol Evol 16: 114–126.
88. Kuczynski J, Liu Z, Lozupone C, McDonald D, Fierer N, et al. (2010) Microbial
community resemblance methods differ in their ability to detect biologically
relevant patterns. Nat Methods 7: 813–819.
89. van Tuinen D, Jacquot E, Zhao B, Gollotte A, Gianinazzi-Pearson V (1998)
Characterization of root colonization profiles by a microcosm community of
arbuscular mycorrhizal fungi using 25S rDNA-targeted nested PCR. Mol Ecol
7: 879–887.
90. O’Donnell K (1992) Ribosomal DNA internal transcribed spacers are highly
divergent in the phytopathogenic ascomycete Fusarium sambucinum (Gibberella
pulicaris). Curr Genet 22: 213–220.
91. White TJ, Bruns T, Lee S, Taylor J (1990) Amplification and direct sequencing
of fungal ribsomal RNA genes for phylogenetics. In: Innis MA, Gelfand DH,
Sninsky JJ, White TJ, eds. PCR Protocols. San Diego: Academic Press. pp
315–322.
92. Moncalvo J-M, Rehner SA, Vilgalys R (1993) Systematics of Lyophyllum section
Difformia based on evidence from culture studies and riboosmal DNA
sequences. Mycologia 85: 778–794.
93. Kjøller R, Rosendahl S (2000) Detection of arbuscular mycorrhizal fungi
(Glomales) in roots by nested PCR and SSCP (Single Stranded Conformation
Polymorphism). Plant Soil 226: 189–196.
LSU rDNA Classification
PLoS ONE | www.plosone.org 12 April 2012 | Volume 7 | Issue 4 | e35749